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Abstract

This paper proposes a novel forward vehicle tracking algorithm based on the WMIL(Weighted Multiple
Instance Learning) equipped with a particle filter, In the proposed algorithm Haar-like features are used to
train a vehicle object detector to be tracked and the location of the object are obtained from the recognition
result, In order to combine both the WMIL to construct the vehicle detector and the particle filter, the pro-
posed algorithm updates the object location by executing the propagation, observation, estimation, and se-
lection processes involved in particle filter instead of finding the credence map in the search area for every
frame, The proposed algorithm inevitably increases the computation time because of the particle filter, but
the tracking accuracy was highly improved compared to Ababoost, MIL(Multiple Instance Learning) and
MIL-based ones so that the position error was 4.5 pixels in average for the videos of national high-way, ex-

press high-way, tunnel and urban paved road scene.
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Table 1. Training algorithm for MIL tracking

INPUT: Set of Bags {)(w yi} containing
X, = {21 29}, y;E10,1}
1: Update M weak classifiers using {xij,yi}
2: for all ¢, j, initialize H; ;=0
3: for k=1 to K do
4 set l,=0,m=1,...M
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Table 2. Proposed object tracking algorithm using WMIL and
particle filter

INPUT: Input image sequence from t=1 to 7’
{4}3:1, and object position z; at t=1
1: Set of positive instances centered at x; in 7 (positive
bag) Sf and set of negative instances(negative bag)
Sp.
2! WMIL training for strong classifier
and S
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features of ;"
{ Wy =1,

z; by uniform random numbers

3: Initialize particle set P, = N} around

4: Select object s at x, in I
5: for t=2 to 7 do
6: Propagation: Update particle set from
N N
o )
7: Observation: Calculate weights {wt” }n of par-
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N\
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8: Estimation: Estimate object position x, using linear
- (N (Y
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9: Get the set of positive(negative) instances
S(S7) around z; in f
10: WMIL training for strong classifier Hy, by
Haar-like features of S;" and S,
11: Selection: Get new particle set P, using
()Y ()&
{;Lf” }n and {U,L }nzl
12: end for

OUTPUT: Set of postions of object at t {x,}T
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